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Abstract In this paper we relate university licensing revenues to both university research

expenditures and characteristics of the university and the university technology transfer

office. We apply the Hausman–Taylor estimator for panel data with time-invariant explan-

atory variables and the Arellano–Bover dynamic panel model to unbalanced panels for

the years 1991–2003 and balanced panels for the years 1995–2003. We find conflicting

evidence regarding the short-term impacts of research expenditures on licensing revenues.

On the other hand, both early initiation of technology transfer programs and staff size increase

expected licensing revenues. Staff size and early entry appear to be substitutes, however.

One-year lagged licensing revenue has strong predictive power for current licensing revenue.

Further research is necessary to analyze changes in technology transfer office efficiency over

time and the contribution of technology transfer to larger university missions.
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JEL Classification O31 � O32 � O38 � I23 � L31

1 Introduction

The public good nature of scientific knowledge is a primary economic justification for

public funding of research. At the same time, the social benefits of scientific progress are
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often measured in the marketplace, where some means of valuation are available in prices

attached to private goods. Tracing the complex interaction between the theoretical public

good nature of knowledge production and the empirical measurement of research conse-

quences in the marketplace is a difficult task. The use of intellectual property by both

private firms and public sector research institutions such as universities can play an

important role in translating knowledge into goods that are valued by individuals and the

societies they comprise.

Over the past three decades, there have been substantial shifts in US policy towards

intellectual property (Jaffé 2000). In this same period, there has been substantial growth in

university ownership and management of intellectual property (Henderson et al. 1998),

even though the total number of patents held by private firms far surpasses the number held

by universities. The causes of rapid growth in university patenting, which for some periods

has been far greater than the rate of growth for patenting by private firms, are complex.

These causes include but are not limited to the Bayh–Dole Act of 1980, which allowed

universities to patent research results using Federal research funding, and to receive roy-

alties on these patents (Mowery et al. 2001).

Students of the economic impact of US intellectual property policy have framed two

broad general but competing hypotheses about the impacts of the increased use of intel-

lectual property. On the one hand, proponents of the Bayh–Dole Act of 1980 and other

policy shifts argued that US taxpayers would ‘‘benefit from Federal support of academic

R&D only if the results of this research were commercialized domestically.’’ Patents were

expected to facilitate domestic commercialization based on the contention that ‘‘in the

absence of clearly defined property rights, private firms would not invest in the commercial

development and application of the results of federally funded academic research’’

(Mowery and Sampat 2001). In broad general terms, increased patenting and licensing by

universities would be welfare increasing. Empirical studies of university patenting and

licensing, however, have generally stopped well short of linking changes in policy to

changes in social welfare, focusing instead on the performance of university technology

transfer offices (TTOs). Performance has been measured using many different indicators,

but survey results suggest licensing revenue is the most important objective for assessing

TTO performance to both university administrators and TTO managers (Jensen and

Thursby 2001). TTO personnel at times use licensing revenue per research dollar, a partial

productivity measure, as a straightforward indicator of TTO performance.

On the other hand, some observers have warned that increasing transactions costs and

access charges arising from more stringent property rights might adversely affect research

programs, particularly exploratory research that could be critical for sustained long-term

economic growth. Furthermore, to the extent universities resemble commercial enterprises,

they may endanger the fulfillment of more traditional university roles, with administrators

favoring academic areas with greater potential to generate licensing revenue through

patentable research, as well as reducing emphasis on instruction (see e.g., David 2004;

Nelson 2001; Just and Huffman 2006). Over the long run, at least, in this view increases in

intellectual property could be welfare decreasing. Empirical work has only recently (e.g.,

Foltz et al. 2007; Murray and Stern 2007) begun to explore the interactions between open

science institutions such as public domain publication and intellectual property rights

instruments, exemplified by patenting, to determine whether or not there is a tradeoff

between university production of public good and private good research. Theoretically,

however, Just and Huffman (2006) argue that under many conditions, increasing royalty

rates should have negative effects on the traditional university outputs of both instruction

and public good research.
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In this paper, we test hypotheses relating three different types of variable on a university

output, licensing revenue, using a reduced form econometric approach. First, university

research expenditures in different scientific areas may directly influence licensing revenue.

If this were the case, it would provide some evidence that university administrators could

increase revenue directly by changing the levels and composition of research expenditure.

On the other hand, it would mean using licensing revenue as a percentage of research

expenditure as an indicator of TTO performance would lose some of its justification. Our

second type of variable concerns TTO characteristics. If these variables, the focus of much

of the empirical literature, prove to be more important than research expenditure in

determining licensing revenue, it would suggest that at least in the short run, improvements

in TTO efficiency might be an important policy goal. Finally, we consider the effects of

university type, in this case whether or not the university has a medical school or is a land

grant institution. University patenting has expanded particularly rapidly in the area of

medicine and pharmaceuticals, so universities with medical schools might be associated

with greater licensing revenues. On the other hand, land grant institutions were founded

with a particular emphasis on public service (NRC 1996). Although the agricultural focus

of the land grant institutions might suggest their research is more applied and therefore

more likely to be patentable, the public service role might also be thought inconsistent with

an emphasis on private good research.

The rest of the paper is organized as follows. We next review the empirical literature on

the performance of university TTOs as well as the literature on aggregate university

production functions. We then specify our empirical models and briefly describe the data

we use. Following that we present results from several alternative estimation techniques

and compare our findings with those from other studies. The final section outlines our

conclusions.

2 Research on technology transfer office performance and university production
functions

2.1 Technology transfer office organization and performance

A fairly substantial literature has looked directly at TTO operations. Siegel et al. (2007)

review two strands of this literature—studies of TTO licensing activities, and studies of

university-related spin-offs. Below our focus is on the licensing literature, as this literature

sometimes considers specific factors related to licensing revenue. However, Siegel et al.

(2007) suggest that spin-offs may actually generate more financial returns to a university

than does licensing. They also argue that organizational practices are likely to be an

important determinant of relative TTO performance, a point that is also made in the

broader organizational literature (Helfat et al. 2007).

Empirical studies of TTO operations often use case study methods, statistical analysis,

or both. Colyvas et al. (2002) studied 11 particular cases of patenting and licensing at two

universities, Columbia and Stanford.1 They concluded that in none of the cases did

expectation of financial returns for individual scientists or the university play a significant

role in research motivation, even though in some cases the research was funded by

1 In the data set we use below, Stanford ranked 13th and Columbia 28th in the size of their annual research
budgets (measured as medians). However, Columbia was 2nd and Stanford 3rd in terms of annual licensing
revenues (again measured as medians).
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industry. The importance of patenting, licensing, and the university TTO in effecting

technology transfer varied widely from case to case. Intellectual property (IP) was found to

be most helpful for embryonic inventions, and unimportant for ‘‘off the shelf’’ technolo-

gies. TTO marketing activities were most important where university-industry links were

weak. Colyvas et al. found that there was no reason why a revenue motive should be in

conflict with rapid, widespread technology transfer, but at the same time there was no

reason that policies designed to maximize university revenues would always be aligned to

policies designed to maximize technology transfer.

Thursby et al. (2001) surveyed licensing at 62 research universities. Along with a wealth

of descriptive data, they estimated equations predicting number of licensing agreements,

royalties, number of patents, amount of sponsored research, and sponsored research fre-

quency in licensing agreements. Licensing revenue was highly skewed over inventions. As

was the case for Colyvas et al.’s case studies, licensing was often for early stage tech-

nologies. However, the percentage of licensed technologies at the ‘‘proof,’’ or early, stage

of technology development decreased royalties; the percentage of licensed disclosures for

which a prototype was available increased royalties. Royalties were also increased by the

total number of licenses and by the quality of the university faculty. TTO staff size

increased the number of licensing agreements, but was not included as an explanatory

variable in the other equations, including the royalty equation.

A number of studies have explored the efficiency of TTO operations through a variety

of approaches. Trune and Goslin (1998) analyzed data from the 1995 Association of

University Technology Managers (AUTM) survey, comparing royalties received to esti-

mates of TTO operational costs, patent fees, legal expenses, and new research grants. They

found costs were more likely to outweigh royalty streams for smaller, newer university

technology programs. Costs were greater than revenues for about half their sample.

Thursby and Kemp (2002) used AUTM survey data for 1991–1996 as well as National

Research Council (NRC) data to perform a data envelopment analysis (DEA) for five

outputs—number of licenses executed, amount of industry sponsored research, number of

new patent applications, number of invention disclosures, and amount of royalties

received—and a number of inputs, including Federal support to research, TTO size, and

total faculty size and faculty quality ratings for three different program areas. They noted

that in their sample of 112 universities, ‘‘inefficient’’ universities may simply have chosen

to concentrate more on other activities such as basic research or teaching rather than

technology commercialization. Similar to results of other studies, they found royalties were

associated with only a few licenses and highly skewed over universities. Aggregate roy-

alties from life science licenses were around four times those from physical sciences, and

royalties per active life science license were two and a half times royalties per active

physical science license. ‘‘Inefficient’’ universities were closer to ‘‘efficient’’ universities in

royalties received than in any other output dimension.

Siegel et al. (2003) also analyzed AUTM data for 113 universities between 1991 and

1996, using a stochastic frontier approach. They estimated cross-sectional production

functions for both licensing agreements and average annual licensing revenue simulta-

neously with environmental equations explaining the inefficiency term in the stochastic

frontier production functions. They found that increasing TTO staff size increased

licensing agreements, but not licensing revenues. External legal expenditures reduced the

number of licensing agreements but increased licensing revenues. More invention dis-

closures increased both the number of licensing agreements and licensing revenues.

Among the environmental variables, increasing age of the TTO made the university more

efficient at generating licensing revenue, but not more efficient at generating licensing
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agreements. Higher industry R&D intensity for the state in which the university was

located increased efficiency in generating licensing agreements, but not the efficiency of

generating licensing revenues. A number of other environmental variables, including

medical school status or whether or not the university was public, did not appear significant

in influencing efficiency for either agreements or revenue.

Chapple et al. (2005) analyzed the relative performance of TTOs in the UK. This study

is interesting for a number of reasons, among them the comparison the authors make

between parametric (stochastic frontier) and non-parametric (data envelopment analysis)

approaches to assessing TTO efficiency. In addition to their findings of widespread inef-

ficiency in the performance of these TTOs, they found several results contrary to the US

findings of Siegel et al. (2003). Among these they found that older TTOs were less, not

more efficient. Siegel et al.’s (2003) study found no significant effect of US medical school

status on TTO efficiency, but Chapple et al. suggested TTOs of U.K. universities with

medical schools were less efficient.

2.2 University production functions

Studies of private firms have used patent statistics as indicators of research output (Hall

et al. 1986; Pakes and Griliches 1984). Initial estimates of university research production

functions also employed similar statistical techniques, but instead of patents, they used

publications as indicators of research output. Citation data are often used as well as

publications, to control for output quality (Adams and Griliches 1996). Pardey (1989) used

similar techniques to estimate the research production function for state agricultural

experiment stations. The most common measure of research input is R&D expenditures;

with the exception of the study by Foltz et al. (2007), who estimated a cost function, most

of the studies below used R&D expenditures as an input variable or variables in at least one

specification.

Adams and Griliches (1996) noted several problems with available data, including how

to account for changing numbers of academic journals; how to incorporate other inputs

such as the number of science and engineering researchers; and how to measure the effects

of spillovers across scientific fields, from other universities, and from other countries. In all

econometric studies of research output, the measurement of research lags is another

important issue, and in many cases a distributed lag structure is simply imposed. In further

work, Adams and Griliches (1998) expanded the number of scientific fields they consider

and also estimated Seemingly Unrelated Regression (SUR) models with two outputs,

research output and advanced degrees produced by the university. They found evidence of

decreasing returns to scale at the level of the individual university, but constant returns to

scale at the aggregate level.

Instead of estimating a research production function with publications (or publications

and graduate degrees) as output, Coupé (2003) used Poisson and negative binomial models

to estimate university patent production functions. Like Adams and Griliches, Coupé found

decreasing returns to scale at the institutional level after controlling for fixed effects. He

found that the Bayh–Dole Act, per se, did not have an effect on patenting activity, but

establishment of a TTO, perhaps in response to the Bayh–Dole Act, did increase patenting

activity as measured by patent applications per research dollar spent. Coupé also noted that

drugs and medical patents were the largest group in his sample, representing about one-

third of total patents, although the number of drugs and medical patents per research dollar

in that area was lower than for other subject areas such as chemicals, computers/com-

munications, and electrical/electronic.
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Foltz et al. (2007) estimated a multiple-output cost function for university research in

life sciences, including departments producing most biotechnologies and agricultural sci-

ence research, but excluding clinical medicine departments. The three university outputs

included in the cost function were patents, publications, and doctorates. As do the other

authors estimating research production functions, they presented results both for raw patent

and publication counts, and citation adjusted counts. They found evidence of economies of

scope between patent and article production, particularly in citation-weighted models, and

argued that costs were actually lower for producing high quality patents and articles

simultaneously. On the other hand, they found some indication of a tradeoff between

graduate school training and both patent and publication production. Their results also

suggested that land grant universities had both higher base costs and higher levels of

economies of scale and scope. The existence of a technical transfer office appeared to

increase total research costs.

Murray and Stern (2007) studied patent-paper pairs for academic biotechnology

research, focusing on discoveries that generated both scientific research articles and pat-

ents. In contrast to the findings of Foltz et al., Murray and Stern estimated a modest ‘‘anti-

commons’’ effect, in which publication citation rates after patent grants declined relative to

rates for similar publications that were not associated with patents. Although alternative

explanations are possible, this suggested that intellectual property acquisition could have

negative impacts on use of knowledge by subsequent researchers and thus might reduce

publication output in a dynamic context.

3 Factors influencing university licensing revenues

We hypothesized that the licensing revenue of a university is determined by three

important factors:

• The total stock of knowledge the university possesses, which, in turn, is related to past

investments in research;

• the ability of the university technology transfer office to determine research discoveries

that may result in licensing revenue, and to negotiate appropriate licenses for these

discoveries;

• environmental variables, such as the type of university.

We used four different kinds of research expenditures—expenditures for medical R&D,

agricultural R&D, engineering R&D, and other biological science R&D. These scientific

areas were chosen because biological science research, particularly medical R&D, and

engineering research comprise the scientific areas that combine both relatively high levels

of research expenditure with substantial amounts of technology transfer. Agricultural R&D

expenditures are relatively small, but we included them because of current debates over

whether private interests are unduly influencing public agricultural research (Just and

Huffman 2006; see also Busch et al. 2004). This approach differed from many other studies

that relate research expenditures to university output, particularly those that focus on out-

puts of TTOs, in that we use expenditures by scientific area, rather than by source of funding

(e.g., Federal or industry funding). While both composition and source of research funding

may influence university knowledge stocks that, in turn, might generate licensing revenue,

we believed composition by scientific area is more likely to have a direct influence.

The two TTO-related variables that we hypothesized to have the greatest immediate

impact on licensing revenue are resources available to the TTO and the amount of
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experience the TTO has. Our proxy for TTO resources was full-time equivalent staff, and

our proxy for TTO experience was a dummy indicating whether the university in question

had a TTO before 1980 or not. This threshold was chosen because 1980 was the date of the

Bayh–Dole Act; we hypothesized that universities that already had experience with

technology transfer before this act should, other things equal, generate more licensing

revenue than universities that opened TTOs after, and perhaps partially in response to, the

Bayh–Dole Act. We also included an interaction term for these two variables.

Finally, we included two dummies as environmental variables. They include a dummy

variable indicating whether or not the university had a medical school, and another dummy

variable indicating whether or not it was a land-grant institution.

3.1 Statistical models

The basic model that we estimated is:

yit ¼ Xitbþ Zicþ lit ð1Þ

where yit is licensing revenue, Xit is a matrix of time-variant regressors, Zi is a matrix of

time-invariant regressors, and lit is an error term which consists of a university fixed-effect

(ai), and a normally distributed, white noise error term (tit).

The standard approach to estimating models using panel data is to use a fixed effects or a

random effects model. The fixed effects model produces consistent estimates under less

restrictive assumptions than the random effects model. Namely, the fixed effects model

controls for correlation between the unobserved individual effects (in this case, the university

effect, ai) and the regressors, whereas the random effects model requires that E X0itai

� �
¼ 0

and E Z0iai

� �
¼ 0. However, while the assumptions of the fixed effects model are less

restrictive, coefficients on time-invariant regressors cannot be identified with this approach.

A Hausman test rejected the null hypothesis that E X0itai

� �
¼ 0 at the 10% level, sug-

gesting that a random effects model could yield inconsistent estimates. However, given our

interest in estimating the effect of some time-invariant regressors on licensing revenue, the

fixed-effects model was not suitable. Therefore, we used a Hausman and Taylor (1981)

instrumental variables estimator (HT). HT provides unbiased estimates of coefficients where

university-effects are correlated with regressors. However, unlike with the fixed-effects

approach, HT still allows for the identification of coefficients on time-invariant regressors.

HT uses assumptions regarding which variables in Xit and Zi are uncorrelated with the

university-effect, ai, to identify a matrix of instruments. Xit and Zi are partitioned into

Xit = [X1it X2it] and Zi = [Z1i Z2i], where variables with the 1 subscripts are exogenous

(not correlated with ai), yielding the following assumptions:

E X01itai

� �
¼ 0 and E Z01iai

� �
¼ 0:

Additionally, pre-multiplying Xit by the time-demeaning matrix QT ¼ IT � iT i0TiT

� ��1
i0T,

as in a fixed effects model, yields a matrix that is completely exogenous to lit, where the

assumption E[(QT Xit)
0(lit)] = 0 holds. Using these three assumptions along with the

assumption that none of the variables are correlated with tit, HT builds a matrix of

instruments, A, which are completely exogenous with the error term, lit:

A ¼ ½QT X1it; QT X2it; ðmean) X1i; Z1i�

In the above matrix, QT X1it and QT X2it instrument for Xit, Z1i instruments for itself and

the mean of X1i serves as an instrument for Z2i. As such, the order conditions for
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identifying (b, c) require that X1it contains an adequate number of elements to instrument

for Z2i, or that the number of time periods (T) times the number of variables in X1 are

greater than or equal to the number of variables in Z2.2

The HT IV estimator takes the form:

~b
~c

� �
¼ ½ðX; ZÞ0X�1=2PAX�1=2ðX; ZÞ��1ðX; ZÞ0X�1=2PAX�1=2y;

where PA is the projection of the matrix A onto its column space (PA = A(A0A)-1A0) and

X is the variance co-variance matrix of lit. Amemiya and MaCurdy (1986) and Breusch

et al. (1989) present similar estimators, differing only in the instrument for Z2. We applied

the Amemiya–MaCurdy estimator to the complete panel model, and the results did not

differ from the HT estimator in any important ways.3

Since licenses are usually multi-year contracts, licensing revenue is likely to exhibit

dynamic properties. In particular, revenue streams from individual licenses are likely to be

spread out over several years and therefore licensing revenues for individual universities

might be correlated over time. Given the dynamic nature of licensing revenue, we also

estimated the model

yit ¼ yi;t�1aþ Xitbþ Zicþ lit ð2Þ

with the ‘‘system generalized method of moments’’ estimator from Arellano and Bover

(1995). This estimator builds on the Arellano and Bond (1991) estimator by adding the

original equation in levels to the system of equations, one per period, constructed after

first-differencing the equation. Instruments for a particular equation may include lagged

endogenous variables, any strictly exogenous variables, and lagged differences of the

dependent variable.

We also attempted a distributed lag model (see Pakes and Griliches 1984) in hopes of

determining when universities were likely to receive a payoff for research and devel-

opment expenditures. However, the correlation of research expenditures within univer-

sities was too high (.99 for a 1-year lag, declining to .94 for an 11-year lag) to identify

coefficients on multiple years of research expenditures. Therefore, we used 2-year lagged

research expenditures in both the Hausman–Taylor and Arellano–Bover models. Oehmke

and Schimmelpfennig (2004) found that in the aggregate, research expenditures had short

term effects on US agricultural multifactor productivity with a lags of 1 or 2 years and

longer term effects with lags of about 24 years. Furthermore, estimates of university

production functions using distributed lag models have often assumed modal effects at

lags of 2 or 3 years. In essence, we are assuming that to the extent R&D expenditures

might influence licensing revenues directly they will do so in the short run. R&D

expenditures might have much longer run impact on licensing revenues through their

2 HT show that the necessary and sufficient condition for identification of (b, c) is that the matrix

X0it
Z0i

� �
PA Xit Zið Þ is non-singular. This test holds in our estimation.

3 Recently Plümper and Troeger (2007) have proposed an alternative three-stage estimator for models with
time-invariant variables in panel data. Based on Monte Carlo simulations, Plümper and Troeger suggest that
the finite sample properties of their estimator may make it more efficient than the Hausman–Taylor esti-
mator. We applied this model to our data. Results for technology transfer variables were quite similar to
those provided by the Hausman–Taylor estimator. Results for research investment and university type
differed somewhat, as they also do for the dynamic panel model, discussed below, to which we applied an
estimator developed by Arellano and Bover (1995).
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impact on the rate of scientific discovery, but this effect is more indirect and difficult to

uncover.

4 Data

The data set used in our analysis combines licensing data from the Association of Uni-

versity Technology Managers (AUTM) Licensing Survey (years 1991–2003) and data on

research and development expenditures collected by the National Science Foundation

(NSF) Survey of Research and Development Expenditures at Universities and Colleges

(years 1981–2003).4,5 This dataset has several advantages over those used in past analyses.

First, the panel structure of this dataset permits controlling for unobservable university

effects that may be correlated with regressors. Additionally, combining AUTM data with

NSF data allows for analysis of the impact of past or present research and development

expenditures in various disciplines on licensing revenue.

Nearly 200 universities reported both licensing (AUTM) and research and development

(NSF) data in at least 1 year and were, therefore, included in the final data set. On average,

these universities reported in 8.7 of the 13 years from 1991 to 2003. Sixty-one percent of

universities reported in nine or more years. Table 1 shows the number of universities

reporting in each year.

In most cases, ‘‘university’’ refers to a single campus without affiliated campuses (e.g.,

Northwestern University). However, when universities are part of a system of schools,

‘‘university’’ may refer to individual campuses in the system (e.g., University of California,

Berkeley) or to the system as a whole (University of Massachusetts), depending upon how

institutions choose to report to AUTM and NSF. In this report, ‘‘university’’ refers to the

campus or system of campuses as reported by the institution in the two data sources.

However, in 14 cases, institutions define themselves differently across the two data

sources. For example, the State University of New York campuses report research and

development data to NSF separately for each campus, while campuses report aggregated

licensing data to AUTM under the name ‘‘SUNY Research Foundation.’’ When possible,

we combined campuses to make the definition of that university compatible across data

sources. For four university systems, the data could not be made compatible across the data

sources for one or more years, so those observations were left out of the analysis. The

University of California System reported aggregate data in the AUTM surveys, however,

annual reports published by the System provide these data for schools individually. Using

these annual reports, we were able to analyze individual UC campuses as separate units of

observation (University of California 2003).

4 Fiscal year refers to the institution’s fiscal year for both AUTM and NSF data. Therefore, the AUTM and
NSF data should correspond for a given institution and year, but they will not necessarily be consistent
across institutions.
5 In 2003, AUTM surveyed 232 US universities, with a response rate of 71%. Universities surveyed are the
employers of AUTM members. Among sampled universities, AUTM followed-up most intensely with
universities in NSF’s top 100 in research expenditures, therefore, these universities are represented more
heavily. The sample size (168) and response rate (58%) were smallest in the first year of the survey, 1991.
On average, 207 universities were sampled per year, with an average response rate of 64%. NSF data come
from a census of all science and engineering institutions that grant doctoral degrees and those granting
masters or bachelors degrees with total research expenditures greater than $150,000 in the previous year.
This population ranges from 461 to 625, and the response rate ranges from 90 to 99.6 percent during the
years for which these data are available (1992–2003).
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Overall, 192 universities had non-missing or imputed data for all of the variables used in

our analysis, accounting for 1,693 data points over the 13 years. On average, these uni-

versities report over $3 million in licensing revenue each year (2000 dollars).6 Total yearly

research and development budgets average $136 million dollars, with $37 million in

medical research, $22 million in engineering research, and $9.4 million in agricultural

research (Table 2).

Licensing revenue and research expenditures are highly skewed across universities,

however. Furthermore, licensing revenues are highly variable not only across universities

at a single point in time, but also quite variable within individual universities over time, as

well as in the aggregate over time. As a result, for some purposes medians may provide

more nuanced measures of central tendency than means. Time series of both means and

medians are also sensitive to the increasing numbers of universities included in the sample,

with more universities with small research budgets and smaller licensing revenues repre-

sented in the sample in later years. With those caveats, we can see that real licensing

revenues have increased over time, whether measured by the mean or the median. The

mean figure, especially for the year 2000, demonstrates how outliers may affect the data in

particular years. Real research budgets have also increased over time, at least as measured

by the mean, but considerably more slowly than the rate of increase in licensing revenues

(Fig. 1). In a sub-sample of universities with at most 1 year of data missing between 1995

and 2003, both mean and median R&D expenditures have increased over time. This

suggests that the more ambiguous result for trend in median research expenditures in Fig. 1

is caused by variations in the number and types of universities in the total sample from year

to year.

Fifty-one percent of universities have a medical school and twenty-five percent are land

grant universities. Additionally, 15% of universities report that their technology transfer

programs began before the 1980 passage of the Bayh–Dole Act and the Stevenson–Wydler

Table 1 Number of universities
reporting AUTM and NSF data,
by year

Year Number
of universities

1991 87

1992 89

1993 109

1994 112

1995 139

1996 135

1997 137

1998 135

1999 142

2000 144

2001 148

2002 156

2003 160

6 Licensing revenues and research and development budgets were deflated using an R&D deflator main-
tained by the Economic Research Service, Department of Agriculture. This index is very similar to indices
calculated by Huffman and Evenson (2006) and an index maintained by the National Institutes of Health for
deflating health research expenditures.
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Technology Innovation Act. The average size of technology transfer offices is 4.9 full-time

equivalent employees (Table 2).

We also analyzed the data for universities with larger research budgets and for uni-

versities for which we had complete panel data from 1995 onward.7 Not surprisingly,

among schools with total research budgets over $100 million, average research budgets in

all fields (medical, agriculture, and engineering) and average licensing revenue are sig-

nificantly higher than among all universities. These ‘‘large budget’’ universities are also

more likely to be land grant universities (36%), to have medical schools (74%), and to have

a technology transfer office predating the 1980 legislation (29%). Universities reporting in

all years after 1994 also had larger research budgets and average licensing revenues,

suggesting that universities with a larger focus on technology transfer are more likely to

respond to the AUTM questionnaires. These universities were also more likely to have

Table 2 Descriptive statistics for schools reporting included in analysis

All universities Universities
with large
research
budgets

Universities
reporting
in all years
after 1994

Universities with
large budgets and
reporting in all
years after 1994

Average yearly licensing
revenuea

3,200,030 6,328,008 5,204,733 6,989,783

Average total yearly R&D
budgeta

136,400,000 252,600,000 199,100,000 268,700,000

Average total yearly medical
R&D budget (2 year lag)a

36,727,280 72,829,489 52,997,068 75,166,169

Average total yearly
agricultural R&D budget
(2 year lag)a

9,410,412 16,495,855 15,042,947 18,466,047

Average total yearly
engineering R&D budget
(2 year lag)a

22,074,059 38,282,302 31,637,049 41,976,470

Average total yearly ‘‘other’’
bio science R&D budget
(2 year lag)a

25,040,115 46,123,955 35,020,127 47,797,907

Average number of FTE
technology transfer staff
(FTE [ 0.5)

4.91 8.58 7.06 9.30

Percentage with TT office
opening before 1980

15 29 24 31

Percentage with medical
school

51 74 62 76

Percentage land grantb 25 36 36 39

Observations 192 86 111 74

a 2000 Dollars
b Systems of universities containing at least one land grant campus are counted as land grant campuses

7 Only 30 percent of universities had a complete panel for all 13 years in the study. However, 60% of
universities reported in all years or all but 1 year after 1994. We imputed licensing and staff size data for 25
universities that did not report AUTM data in only 1 year after 1994. Since results did not vary substantially
depending on whether or not these universities were excluded, we included them in the results presented
here. See the ‘‘Appendix’’ for the procedures followed in data imputation.
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medical schools (62%), to be land grant universities (36%) and to have technology transfer

offices open before 1980 (24%). Two-thirds of the universities reporting in all years after

1994 are also large budget universities, while 86% of large budget universities reported in

all years after 1994.

5 Empirical results

5.1 Estimation of the Hausman–Taylor model

Variables related to the university technology transfer offices appeared to play the largest

role in influencing the level of royalties received by the universities in our sample. In the

complete sample (Table 3, first column); in the sample restricted to large research uni-

versities (mean annual research budget of $100 million annually or greater) (Table 3,

second column); in universities restricted to those with data for all years between 1995 and

2003 (Table 3, third column); and for universities with both large research budgets and a

complete panel (Table 3, fourth column), the number of full-time equivalent technology

transfer staff significantly increased licensing revenues earned by the universities. In the

same estimating equations, universities whose technology transfer offices began before

1980 had much larger licensing revenues than those with more recent internal technology

transfer operations. In general, however, in these versions of the estimated Hausman–

Taylor model the coefficients on the ‘‘early’’ TTO dummy variable were not significant at

the usually reported levels, although large in magnitude (Table 3).

The coefficient on the interaction between TTO staff size and the early TTO dummy

was negative and highly significant in all four equations listed in Table 3. This suggests

that, in terms of increasing the ability of universities to generate licensing revenues,
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increasing staff size is a substitute for TTO experience. To give an idea of the magnitude of

predicted differences in licensing revenue among universities given changes in explanatory

variables, we held most time-invariant regressors constant at the sample means while

allowing individual regressors to vary. On average, early entrants into university-based

technology transfer earned over $9 million more annually in licensing revenues than later

entrants for all universities with a complete data set after 1995 (predictions based on the

third column, Table 3). For large research universities with a complete panel, early

entrants earned on average over $11 million more annually in licensing revenues (fourth

column, Table 3).

Using all the equations, sample mean assumptions for the other time-variant regressors,

and different assumptions about the values of the dummy variables, increasing the size of

the TTO by 1 FTE, for early-entrant universities, would tend to increase licensing revenues

by anywhere from $260,000 to $450,000 annually, with a median increase of around

$350,000. Under exactly the same assumptions except now considering late-entrant uni-

versities, increasing the size of the TTO by 1 FTE would tend to increase revenues from

$800,000 to $1.1 million annually, with a median increase of just under $900,000. This

demonstrates the greater impact of TTO staff size for later-entrant universities than for

universities that had TTOs before 1980. We note, however, that staff size may only be a

proxy for ‘‘intensity’’ of TTO activity, and this variable may in part be capturing the effects

of changes in TTO intensity, rather than simply the effects of changes in counts of TTO

personnel.

In contrast with TTO establishment and size, research expenditures appear to have

limited direct, short-term impact on university licensing revenues. Engineering and

‘‘other’’ bioscience research expenditures in general appeared to be negatively related to

licensing revenues, but the coefficients were insignificant. Agricultural research expendi-

tures seemed to be positively related to licensing revenues, but the magnitudes were small

and again, the coefficients were insignificant (Table 3).

Expenditures on medical research were also positively related to licensing revenues. In

both sets of equations with all institutions included (complete sample, Table 3, column1,

and all universities with a complete panel from 1995 to 2003, Table 3, column 3), the

coefficient on lagged medical research expenditures was significant. However, when the

sample was restricted only to universities with average annual research budgets over $100

million, the coefficient on medical research expenditures was not significant. As reported

by other authors (e.g., Henderson et al. 1998; Coupé 2003), universities have significantly

increased their patenting in the drugs and medical area, and are far more likely to patent in

this area than are private sector inventors in general. Larger research universities are also

more likely to have medical schools, and to have larger medical research expenditures.

However, analysts differ over whether universities with medical schools are less efficient

than other universities (Thursby and Kemp 2002; Chapple et al. 2005), or no different in

efficiency than other universities (Siegel et al. 2003) in the operation of their technology

transfer offices. Thursby et al. (2001) reported that universities with medical schools were

significantly more likely to generate licenses than other universities. Although universities

with medical schools also had greater licensing revenues in Thursby et al.’s sample, the

coefficient was not significant.

Thus, it appears that the positive relationship between medical research expenditures

and licensing revenues in our samples including all universities, both those with larger and

smaller research budgets, may be in part an artifact of the relationships between size of

research budget, likelihood of larger medical research expenditures, and likelihood of

medical research to generate licensing revenue. Obviously, universities with medical
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schools are likely to have more medical research expenditures than universities without

medical schools. In our total sample, 34 universities without medical schools had no

expenditures on medical research. However, 60 universities without medical schools did

spend some money on medical research in many of the years in the time period covered.

We estimated the Hausman–Taylor models in Table 3 omitting the medical school dummy,

in which cases the coefficients on lagged medical research expenditures were similar in

magnitude and in significance levels to the models estimated including a medical school

dummy. Also, we estimated these models with medical school dummies but no lagged

medical research expenditures. In this case, coefficients on the medical school dummies

increased in magnitude in three out of the four models, but were still insignificant. In all

cases, actual predicted increases in licensing revenues, at sample means for other non-

dummy variables, are relatively small; increasing medical research expenditures by $10

million annually only leads to predicted increases in licensing revenues ranging from

roughly $250,000 to $400,000.

5.2 Estimation of the dynamic panel (Arellano–Bover) model

Results from the dynamic panel estimator are reported in Table 4. Some of the major

conclusions from the Hausman–Taylor model are confirmed with this estimator. Increasing

the number of FTE technology transfer staff increased university licensing revenue; early

entry into technology transfer (opening an office before 1980) also increased university

licensing revenue; but increasing numbers of staff appeared to be a substitute, not a

complement, to early entry. The coefficient on the early entry variable tended to be smaller

in magnitude than in the Hausman–Taylor model, but its significance level is now high.

Licensing revenues for individual universities did indeed appear to be correlated over

time. The previous year’s licensing revenues were a significant predictor of the observed

year’s licensing revenues regardless of the sample to which the estimates were restricted.

At the same time, the dynamic specification led to notable changes in the estimated

coefficients for both the research expenditure variables and the institutional dummies.

First, neither the medical research expenditure variable nor the medical school dummy had

significant coefficients in the dynamic model, except for large research universities with a

complete panel for the period 1995–2003. On the other hand, all other factors equal, land

grant universities now appear to have had significantly lower licensing revenues than other

universities. At the same time, greater agricultural research expenditures appeared to lead

to greater licensing revenues. Agricultural research tends to be concentrated in the land

grant institutions. Mean annual agricultural research expenditures were just over $36

million for all land grant universities, and only about $0.5 million for non-land grant

universities in our sample. The net effect of the estimated negative impact of land grant

status and positive impact of agricultural research expenditures on licensing revenues

would be negative, for all but a handful of land grant institutions with very large expen-

ditures on agricultural research. This was reminiscent of Foltz et al.’s (2007) finding that

land grant universities had higher research costs. They might stem in part from the

mandates land grant universities have to provide public goods to their states, but Foltz et al.

argued that these higher costs could not be attributed to the extension activities of the land

grant universities. Foltz et al. also found land grant universities had larger economies of

scale and scope than other universities. In other words, these particular universities had at

the same time both higher base costs and cost efficiencies in producing joint outputs such

as research papers and patents. Finally, engineering research expenditures appeared to

lower university licensing revenues in the short run.
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Combined, these results suggested several alternative interpretations. First, medical

research may lead to a more consistent flow of licensing revenue, so lagging the dependent

variable accounted for a greater proportion of year-to-year variation for institutions with

significant medical research. At the same time, institutions with greater emphasis on

agricultural or engineering research may have wider within-institution variance in both

research expenditures and licensing revenues. Some partial support for this interpretation

can be found by looking at descriptive data for large research universities (mean of $100

million or more in annual research expenditures) by land grant and medical school status.

Whether measured by means or medians, land grant institutions that did not have medical

schools had the lowest average annual research budgets, the lowest annual licensing

revenues, and the lowest ratios of licensing revenues to research expenditures. On the other

hand, some of the large land grant institutions with medical schools ranked high on a

number of these indicators.

Alternatively, our assumed short-term lag of 2 years, the presumed amount of time

during which some research expenditures could be directed at moving discoveries from the

‘‘proof’’ to ‘‘prototype’’ stage, may not hold for different categories of research expendi-

ture. In particular, this could conceivably affect the apparent negative influence of short

term engineering research expenditures on licensing revenues. Finally, this could simply be

another example of the way skewed distributions for many of the variables we investigated

complicate the discovery of empirical regularities. There are a few schools for which

engineering is a relatively large part of the annual research budget that generated relatively

large licensing revenues (e.g., MIT or Carnegie Mellon) in our sample, but many others

with larger engineering research expenditures did not generate particularly large licensing

revenues.

5.3 Comparisons with other studies

These results are broadly consistent with the literature. We found that increasing staff size

within a technology transfer office increased the expected licensing revenue a university

received. As we have noted, Coupé (2003) found that the existence of a TTO within a

university significantly increased the ability of the university to generate patents, one of the

possible first steps towards earning licensing revenues. Thursby et al. (2001) estimated a

significant effect of TTO staff size on increasing licensing agreements, and a significant

effect of increasing licensing agreements on increased royalties, but did not test a direct

effect of TTO staff size on royalties. In the analysis of Siegel et al. (2003), increasing TTO

staff size significantly increased the number of licensing agreements reached by a uni-

versity. Increasing staff size reduced licensing revenue, but the coefficient was not

significant.

The number of FTE technology transfer specialists is only one of a number of variables

that might be used to assess TTO performance. For example, we found that increasing TTO

size may have been a substitute for early entry into self-managed university technology

transfer. Siegel et al. (2003) found that older TTOs were more efficient at generating

licensing revenues. They were also more efficient at generating licensing agreements, but

the coefficient was not significant. In their cost function analysis, Foltz et al. (2007) found

that the existence of a TTO appeared to increase research costs, but this effect was

counteracted by increasing TTO age. This result is paralleled by our finding that staff size

and early entry appeared to be substitutes in the generation of licensing revenue.

In the long run, research expenditures lead to outputs such as new knowledge and

increased human capital. These outputs have often been measured by counts, or quality-
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adjusted counts, of scientific publications and patents, as well as numbers of advanced

degrees granted. Most past studies have found direct relationships between R&D expen-

ditures and university outputs, often with decreasing returns to scale at the institution level

and constant returns to scale in the aggregate. Knowledge, perhaps as measured by the

proxies of publications and patents, is, in turn, one of the inputs into the production of

licensing agreements and licensing revenues. We found limited evidence, however, of any

directly measurable impact of R&D expenditures on university licensing revenues. Instead,

results varied between the static, Hausman–Taylor and the dynamic, Arellano–Bover

models. The estimates suggested that broadly conceived institutional mission and research

emphases did indeed have impacts on licensing revenues, but our modeling framework

may have been inadequate to untangle all of these impacts.

There were probably several reasons for this. First, the longer-term impact of research

expenditures on university outputs is difficult enough to model and estimate, with

appropriate lag structures and attribution rules being among the important issues. Impacts

of research investments on secondary outputs such as licensing revenues might be even

harder to capture without long time series on a wide variety of relevant variables. Second,

compounding the difficulty of predicting licensing revenue is the skewness of licensing

revenue distribution and the tendency for a few licenses to account for much of the revenue

earned by universities. Even if some research expenditures have a shorter term effect on

licensing revenue, perhaps in terms of moving discoveries closer to the ‘‘prototype’’ phase,

this effect might be difficult to discern.

More important, however, is the likelihood that factors related to the operation of

technology transfer offices played a much larger role than does research and development

investment in the generation of licensing revenues. Both the priority that universities set on

technology transfer and the efficiency with which they accomplish such transfer may vary

from institution to institution. It is interesting to note in this regard that in their regression

analysis explaining which universities are more likely to be ‘‘efficient’’ in technology

transfer, Thursby and Kemp (2002) found that larger TTOs are likely to be less efficient

than smaller TTOs. Some insight into this phenomenon might be provided by our finding

that TTO size could be a substitute for early entry. As TTOs gain experience, it might be

possible that ‘‘learning by doing’’ results in greater ability to attain technology transfer

objectives at lower cost, or leads to more effective performance without increasing staff

size.

Our data can, in fact, be used in conjunction with Thursby and Kemp’s analysis to

provide further insight into the question of TTO efficiency. We divided our sample into

three groups—universities they found to be on the efficiency frontier for technology

transfer activities, universities that were not on the frontier, and universities that were not

in their sample. As might be expected, universities in our sample that were not included in

Thursby and Kemp’s sample had on average smaller annual R&D budgets and smaller

annual licensing revenues, whether measured by means or medians (Table 5). Universities

that were on the efficiency frontier in their sample had slightly smaller research budgets

over the more recent time period covered by our sample, but larger licensing revenues. As

a result, the ratio of licensing revenue to R&D expenditures was highest for the universities

identified as ‘‘efficient’’ in technology transfer by Thursby and Kemp. It must be borne in

mind that their analysis identified five different, but related outputs, only one of which was

royalties, and eight inputs, only one of which, Federal support to research, related to R&D

expenditures. Nonetheless this suggested that the simple measure of the royalty/research

expenditure ratio may be indicative of some aspects of TTO performance. As in our earlier

discussion of changes in royalties and research expenditures over time (Fig. 1), the large
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differences between means and medians in Table 5 indicated the skewness of these

variables.

6 Conclusions

In our analysis of 192 universities over the 13 year period 1991–2003, variables related to

technology transfer office (TTO) characteristics most consistently explained variation in

university licensing revenue. Early entrants (before 1980) into internal management of

intellectual property and technology transfer (as opposed, for example, to contracting with

external institutions such as the Research Corporation) had on average larger licensing

revenues than later entrants, other factors equal. Increasing full-time equivalent (FTE) staff

in university TTOs was also associated with greater licensing revenue. However, staff size

appeared to substitute for early entry—increasing staff size increased licensing revenues by

less for early entrants. These results were consistent when the sample was reduced to only

larger research universities (average annual R&D budgets of over $100 million); reduced

to universities that had complete panel information after 1995; or reduced to larger

research universities with a complete panel. They were also maintained when the dynamic

Arellano–Bover estimator was applied to the same data.

On the other hand, determining the effects of other time-invariant university charac-

teristics (universities with a medical school, land grant universities) or time variant factors

such as university R&D expenditures was far more difficult. Some evidence from the

dynamic model suggested that land grant universities, on average, generate lower licensing

revenues than other universities. Medical research expenditures may have produced

somewhat more consistent licensing revenue in the short run, and engineering research

expenditures somewhat lower revenue. These results were obtained using the dynamic

estimator, however, and in any case the changes in revenues associated with changes in

two-year lagged research expenditures were relatively small.

Table 5 Comparison of universities by Thursby and Kemp (2002) efficiency rankings

Not in Thursby–
Kemp sample

Not on
efficiency
frontier

On the
efficiency
frontier

Total

Weighted means

Annual university R&D expenditure
(million dollars)

124.7 195.8 184.8 170.8

Annual university licensing revenue
(million dollars)

2.6 3.1 6.2 4.0

Licensing revenue as a percent of current
R&D expenditure (percent)

2.01 1.58 3.43 2.48

Medians

Annual university R&D expenditure
(million dollars)

76.6 164.2 146.2 132.1

Annual university licensing revenue
(million dollars)

0.2 0.8 1.2 0.7

Licensing revenue as a percent of current
R&D expenditure (percent)

0.57 0.57 0.98 0.57
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Because the connection between licensing revenue and short-term research expenditure

was tenuous, using the ratio of licensing revenue to research expenditure as a short-cut

indicator of TTO performance seems justified. Added evidence for this conclusion was

provided by the comparison of this indicator for universities identified as on the efficiency

frontier for TTO performance by Thursby and Kemp (2002), those not on the frontier, and

those universities not included in the Thursby–Kemp sample. However, this deceptively

simple statement must be subject to strong qualification because of the large variability of

licensing revenues across time and across universities. A mean figure of licensing revenue

as 3% of research expenditures, based on recent performance by some universities, is not a

useful benchmark. Better estimates for recent years would be about 1% for universities

with purportedly ‘‘efficient’’ TTOs, or 0.6% for all universities. In the longer run, statistical

models that take into account the inherent skewness of university research and licensing

data may contribute to a greater ability to test hypotheses both concerning university

production functions and TTO performance.

The empirical results suggested a promising area for further study would be TTO

performance over time. Are universities with longer experience in technology transfer

more ‘‘efficient’’ in producing TTO outputs, such as licensing revenue? Do later entrant

universities become more efficient over time as they gain experience with technology

transfer?

At the same time, indicators of TTO performance should not be confused with indi-

cators of the societal impact of research. In the first place, it appears more difficult to

demonstrate the effects of standard university inputs such as research expenditures on

outputs such as licensing revenue, which require more technology transfer investment, than

on more direct measures of immediate outputs such as publications, or even patents.

Secondly, much more detailed and perhaps more qualitative study is necessary to under-

stand the channels through which university outputs are further transformed into desirable

societal outcomes. To the extent that TTOs are ‘‘inefficient,’’ and to the extent revenues

from university licensing are a very small percentage of university research expenditures,

improving TTO efficiency may be a desirable policy and may not conflict with other

university objectives. More empirical work along with increased emphasis on modeling

TTO operations as a component of the larger university production function is necessary,

however, to distinguish situations in which licensing and royalty generation are comple-

mentary with public good research and teaching from those in which they are competitive.
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Appendix: Imputations used in the construction of the data set

Licensing revenue and staff size

Licensing revenue and staff size were imputed for 25 universities that were missing only

one observation between 1995 and 2003. Licensing revenue was imputed by regressing

licensing revenue on lagged licensing revenue among universities with complete data and

predicting licensing data for campuses with missing data using these coefficients. In cases

where there were insufficient data to predict missing values in this way, the university’s
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mean revenue was used. Staff size was imputed using the mean staff size from the year

before and the year after the missing data.

‘‘Early’’ technology transfer programs

The variable ‘‘early’’ identifies universities that first had at least one-half full time

equivalent licensing or technology transfer employee before 1980. This variable was

created using the AUTM ‘‘progyear’’ variable, which was missing for 17 universities

included in the final analysis. Eleven of these universities, however, never reported having

a technology transfer staff size greater than .5 FTE. Thus, early was coded as ‘‘0’’ for these

universities, as it was assumed that they also did not have .5 FTE at any time before 1980 if

they have not had .5 FTE during 1991–2003. For the six universities that had missing

program year data and greater than .5 FTE at some time during 1991–2003, we contacted

the university directly and confirmed that in all cases, the university’s technology transfer

program began after 1979. Sensitivity analyses showed that excluding these universities

due to the missing data or including them with early coded as 0 made little difference to the

final estimates.

University of California system

Licensing data for individual University of California campuses were cited in the Uni-

versity of California Office of Technology Transfer Annual Reports, fiscal years 1996–

2003. The sum of campus-level data did not necessarily equal system-level data as reported

to AUTM because data were double counted in Annual Reports when researchers from

more than one campus worked on an invention. Therefore, we rescaled the campus-level

data so that the sum of campus-level data would equal the system-level data from AUTM.

Additionally, not all variables in the AUTM data were included in the annual reports. In

particular, annual reports did not include campus-level staffing data, likely because only 4

campuses have their own licensing offices and even those campuses rely on the system’s

technology transfer staff as well. Staff size was assigned to individual campuses in pro-

portion to the campus’s total research and development expenditures. While licensing

revenue was comparable to AUTM data from 1998 to 2003, it was not reported for years

1995–2003. However, campus-level adjusted gross income (AGI), which is licensing

revenue less payments to joint holders, was available for all years. In the years for which

data were available, only UC San Francisco had substantial payments to joint holders.

Therefore, AGI was used in place of licensing revenue for all campuses except for UCSF,

for which licensing revenue equaled AGI plus total UC payments to joint holders. As a

result, UCSF may have slightly inflated revenue data, while UC Berkeley, UC San Diego

and UC Los Angeles may have slightly deflated revenue data in some years.

R&D zeros

Research and development expenditures data were missing for sub-disciplines in some

years for a small percentage of universities. After examining the universities that were

missing these data, we were confident that expenditures were likely below $1,000 in these

years, and therefore these universities should be considered as having $0 expenditures in

these sub-disciplines in these years.
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omie et de Statistique, 49(50), 127–162.

Amemiya, T., & MaCurdy, T. E. (1986). Instrumental-variable estimation of an error components model.
Econometrica, 54, 869–881.

Arellano, M., & Bond, S. (1991). Some tests of specification for panel data: Monte Carlo evidence and an
application to employment equations. Review of Economic Studies, 58, 277–297.

Arellano, M., & Bover, O. (1995). Another look at the instrumental variable estimation of error-components
models. Journal of Econometrics, 68, 29–51.

Breusch, T. S., Mizon, G. E., & Schmidt, P. (1989). Efficient estimation using panel data. Econometrica, 57,
695–700.

Busch, L., Allison, R., Harris, C., Rudy, A., Shaw, B. T., Ten Eyck, T., et al. (2004). External review of the
collaborative research agreement between Novartis Agricultural Discovery Institute, Inc. and The
Regents of the University of California. East Lansing, MI: Institute for Food and Agricultural Stan-
dards, Michigan State University.

Chapple, W., Lockett, A., Siegel, D., & Wright, M. (2005). Assessing the relative performance of UK
university technology transfer offices: Parametric and non-parametric evidence. Research Policy, 34,
369–384.

Colyvas, J., Crow, M., Gelijns, A., Mazzoleni, R., Nelson, R. R., Rosenberg, N., et al. (2002). How do
university inventions get into practice? Management Science, 48, 61–72.
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Jaffé, A. B. (2000). The US patent system in transition: Policy innovation and the innovation process.
Research Policy, 29, 531–557.

Jensen, R., & Thursby, M. (2001). Proofs and prototypes for sale: The licensing of university inventions.
American Economic Review, 91, 240–259.

Just, R. E., & Huffman, W. E. (2006). The role of patents, royalties, and public-private partnering in
university funding. In M. Holt & J.-P. Chavas (Eds.), Exploring frontiers in applied economic analysis:
Essays in honor of Stanley R. Johnson. Berkeley, CA: Berkeley Electronic Press. Available on-line at
http://www.bepress.com/sjohnson/. Accessed 9 March 2009.

Mowery, D. C., Nelson, R. R., Sampat, B. N., & Ziedonis, A. A. (2001). The growth of patenting and
licensing by US universities: An assessment of the effects of the Bayh–Dole act of 1980. Research
Policy, 30, 99–119.

Mowery, D. C., & Sampat, B. N. (2001). University patents and patent policy debates in the USA, 1925–
1980. Industrial and Corporate Change, 10, 781–814.

Murray, F., & Stern, S. (2007). Do formal intellectual property rights hinder the free flow of scientific
knowledge? An empirical test of the anti-commons hypothesis. Journal of Economic Behavior and
Organization, 63, 648–687.

National Research Council (NRC). (1996). Colleges of agriculture at the land grant universities: Public
service and public policy. Washington, DC: National Academy Press.

Nelson, R. R. (2001). Observations on the post-Bayh–Dole rise of patenting at American universities.
Journal of Technology Transfer, 26, 13–19.

University licensing revenue 59

123

http://www.bepress.com/sjohnson/


Oehmke, J. F., & Schimmelpfennig, D. E. (2004). Quantifying structural change in US agriculture: The case
of research and productivity. Journal of Productivity Analysis, 21, 297–315.

Pakes, A., & Griliches, Z. (1984). Estimating distributed lags in short panels with an application to the
specification of depreciation patterns and capital stock constructs. Review of Economic Studies, 51,
243–262.

Pardey, P. G. (1989). The agricultural knowledge production function: An empirical look. Review of
Economics and Statistics, 71, 453–461.
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